Abstract: Epidemic simulations and intervention strategy assessments are attracting interest in light of recent and potential outbreaks of infectious diseases such as SARS and avian flu. Universities are using computational modelling and simulation tools to teach epidemiology concepts to students, but integrating domain-specific knowledge and building network-based simulation models are difficult tasks in terms of teacher preparation and learner evaluation. To illustrate challenges to creating network-oriented models in epidemiology education, we introduce an architecture based on demographic and geographic data for building network-oriented epidemic simulation models, and describe our experiences simulating the transmission dynamics of three infectious diseases in Taiwan.
Introduction
Computational modelling and simulation approaches are widely used for researching emerging infectious diseases, social phenomena, and processes involving human interactions and daily contacts. These approaches have the advantages of speed, parallel processing, and the ability to work with large amounts of data over many repetitions. They are currently used in such domains as sociology (Newman, 2001 (Newman, , 2004 Axelrod, 1997; Gilbert and Troitzsch, 1999) , economics (Born, 2003) , bioinformatics (Barabasi and Oltvai, 2004; Ravasz et al., 2002) , ecology (Grimm, 2005) and epidemiology (Bagni et al., 2002) . Specific examples include the use of cellular automata by transportation management researchers to test traffic control strategies (Nagel, 2004; Koelle and Johenning, 1997) ; agent-based models constructed by economists to analyse price fluctuations, cash flows, and income and wealth distributions to identify instances of market manipulation (Siallagan et al., 2006) ; simulations run by sociologists to study the diffusion effects of emergent social institutions, innovations, norms, social moods, and collective behaviours (Gilbert and Troitzsch, 1999) .
Instructors from a broad range of disciplines are collaborating with computer scientists to explore complex epidemic dynamics for purposes of training novice researchers. Until recently, epidemiology students have been required to master the use of questionnaires or field investigation techniques when studying epidemic outbreaks, a process that prevents many from gaining a macro view of epidemic dynamics or from quickly evaluating the efficacies of intervention strategies for prevention and control.
Today's students have access to computational modelling and simulation courses and applications. In addition, research centres are taking advantage of high-level object-oriented programming languages and agent-based modelling toolkits (e.g., NetLogo, StarLogo, Repast and Swam) to design and run epidemiological 'what-if' simulation experiments (Bagni et al., 2002) .
Our focus in this paper is on teaching skills for building network-oriented epidemic simulation models that epidemiologists can use for such tasks as analysing spreading situations and outbreak patterns; predicting future transmission dynamics; assessing the efficacies of intervention strategies for disease prevention and control, vaccine development, and other efforts to fight the effects of viruses. We acknowledge that researchers and instructors in computational epidemiology are meeting unique roadblocks to solve complex problems involving movement and infection patterns among millions of people who span wide ranges of age, disease resistance status, and types and amounts of interaction with other individuals. Epidemic outbreaks can develop randomly and unexpectedly according to such factors as breadth of early stage outbreaks, number and type of random imported cases, an infected individual's current health status, and individual disease progress. Intervention strategies executed by health authorities also directly and indirectly influence transmission dynamics and spreading situations.
Network-oriented simulation models are proving successful for investigating epidemic dynamics and the efficacies of intervention strategies for prevention and control (Barrett et al., 2005; Hsieh et al., 2005; Schneeberger et al., 2004; Ferguson et al., 2005; Huang et al., 2004 Huang et al., , 2005b Sumodhee et al., 2005; Stroud et al., 2007) . By approaching computational epidemiology from a network science perspective, static domain information (e.g., the properties of individuals) can be represented in attribute form using network nodes. Dynamic domain information regarding individual factors such as movement, contact and interaction requires support in the form of statistical or demographic data plus well-constructed assumptions. In previous studies, we have examined differences and similarities among network-oriented epidemic simulation models that focus on local interaction patterns, and have applied our epidemiological modelling experiences to simulating the transmission dynamics of SARS, influenza, and HIV in Taiwan. Our goals in this paper are to propose an architecture based on demographic and geographic properties, to discuss ways of teaching computational modelling and simulation approaches to undergraduate students and novice researchers, and to describe three scenarios in which we either taught or helped construct network-oriented epidemic simulation models.
Background
Three practice categories reflect different combinations of instructional goals, available hardware and software, and human-computer interaction. Simulations on computer systems entail the use of expert system-based simulation software for practicing specific skills; examples include flight and vehicle simulators (Colpitts, 2002; Rolfe and Staples, 1988) . Computer-mediated simulations provide operational environments in which human participants solve problems, play roles and negotiate with or compete against other participants; examples include market simulation environments that allow users to practice investing strategies without using cash resources (Sato et al., 2001 ). All-in-computer (also called agent-based) simulations have system components (object or agents) that represent computer entities; human participation is limited to setting initial parameters and controlling simulation processes via automatic or manual sequential instruction. Most of the examples in this paper belong to the third category. All-in-computer simulations can be further classified according to simulated target type:
• modelling that simulates the flow paths and patterns of complex issues and verifies simulation models using actual data (e.g., economic decision modelling)
• agent-based modelling that focuses on heterogeneous individuals, changes in individual status, and interactions between individuals in simulated environments (e.g., SARS simulation (Huang et al., 2004 (Huang et al., , 2005b ))
• adaptive agent-based modelling, in which automatic agents develop their own intelligent rules (e.g., adaptive agents that use genetic algorithms to adjust economic strategies (Holland, 1992) ).
Network-oriented simulations
Compared with heterogeneous agent-based models, network-oriented simulation models place greater emphasis on relationships between individuals. In complex networks, nodes represent individuals and links represent their various relationship types. Results from mathematical analyses and computer simulations show that the topological features of social networks exert considerable influence on both transmission dynamics and spreading situations associated with epidemics, which allows for analyses of subtle details that non-network-oriented approaches (e.g., system dynamics) are incapable of performing (Barrett et al., 2005; Huang et al., 2004 Huang et al., , 2005a Huang et al., , 2005b Moore and Newman, 2000; Sumodhee et al., 2005; Kao et al., 2006) . Furthermore, the need to identify targeted and more efficient intervention strategies requires accurate model representations of public health policies with geographic properties (e.g., home quarantines and hospital visitation bans).
Complex network topologies -including scale-free networks, small-world networks, random networks, regular networks, and bipartite networks -have been observed in gene transcriptions (Eisenberg and Levanon, 2003) , food webs (Dunne et al., 2002) , research paper citation networks (Davenport and Cronin, 2000; Small, 1995) , opinion exchanges (Grabowski and Kosinski, 2006) and human daily contact networks (Miramontes and Luque, 2002; Huanget et al., 2005b; Sumodhee et al., 2005) . Such complex networks frequently reveal statistical topology features such as high degree of clustering, low degree of separation, and power-law connectivity distributions.
Network-oriented simulation models entail computer entities that imitate patterns of social interactions and daily contacts between individuals and that use parallel or sequential processes for the movement of heterogeneous individuals. Regular networks have been created for discussing human relationships. For example, the von Neumann neighbourhood concept (used with two-dimensional regular networks) perceives any node's four adjacent nodes as its neighbours. Using a regular network for an underlying network topology allows for the easy measurement of abstract geographic distances between individuals. In contrast, random networks support the features of casual interactions between individuals and the low degree of separation found in complex networks. However, random networks have an important drawback in that they cannot ensure the topological feature of local interactions.
Network-oriented simulations have been created to capture the properties of geographical distance and randomness. Many small-world approaches to building complex simulation models have been proposed -for example, the short-cut model (Newman and Watts, 1999) and the Cellular Automata with Social Mirror Identities Model (CASMIM) (Huang et al., 2004 (Huang et al., , 2005b . The mirror identity concept used to create CASMIM allows for simulations of individuals who have regular contact locally and intermittent contact with others over far distances; this is representative of long-distance air travel or (in non-disease scenarios) modern communication methods such as e-mail, text-messaging, express mail, and cell phones. For purposes of model validation, the building and modification of these concepts should correspond to statistical topology features such as small-world phenomena.
However, different complex issues require different network topologies for building simulation models based on social interaction or daily contact type. For example, heterosexual contact, homosexual contact, and illegal drug use all cause HIV infections, but the network topologies formed by these approaches are very different. The heterosexual network should be scale-free to reflect the lower average number of sex partners, whereas bipartite networks are more likely to accurately reflect the sharing of syringes among drug users. Data granularity and detail also influence topological structure: if a disease control agency can trace drug user contacts, it is possible to use identified matches to build a relatively precise bipartite contact network. In contrast, for researchers who are limited to knowledge of locations where drug users congregate, simulations require more assumptions regarding interactions. Accordingly, demographic data and information on individual interactions tend to be significant challenges to novice researchers interested in complex network computer simulations.
Learning through simulations
Using computer simulations as a pedagogical tool is now common in scientific technology training (Colpitts, 2002) and the teaching of science concepts (Liao and Sun, 2001 ). Computer simulations are also being used in other disciplines to support educational and training efforts based on constructivist learning principles. In addition to mitigating learner obsession with the minutiae of complex procedures described in textbooks (Wenglinsky, 1998) , they provide multiple opportunities for "learning by doing" (Oehme, 2000) . Constructivists believe that learners draw upon prior knowledge when forming new schema via discovery learning (Bruner and Lufburrow, 1963) . When confronted with a new stimulus, learners apply their own knowledge bases to accommodate new information and to alter their existing schema (Piaget, 1978) . When constructive learning processes are embedded in simulation tools, students can learn by doing, have more and better opportunities for discovering interesting primary and secondary issues, and gain hands-on experience for dealing with real-world issues.
Learning via simulation is an example of Problem-Based Learning (PBL) in that it confronts learners with authentic problems that serve as contexts for practice. Originally developed for medical education in the early 1970s, PBL is now considered a core teaching tool in over 60 medical schools (Savery and Duffy, 1995) . Two characteristics make PBL compatible with the theoretical foundations of learning and teaching via simulations:
• Engagement. Students often ask for simulations to assist with learning and to gain a sense of engagement with real-world problems. This allows for the introduction of related concepts to the learning process. There is no 'perfect' educational simulation, but simulations can still support meaningful learning experiences as long as scenario limitations are taken into account (Aldrich, 2004 ).
• Interaction flexibility. Simulation tools can be used with interaction and feedback methods to illustrate how complex systems work under different circumstances (Aldrich, 2004) . Simulated problems are usually complex and rarely have single 'correct' answers, which encourages learners to repeatedly manipulate parameters. With sufficient practice, learners or novice researchers can learn how to transfer their new knowledge to real-world issues.
Learning via computer simulations has at least four potential advantages:
• Operational. Complex problems often require examinations of the influences of specified variables on an entire system. Using an epidemic outbreak as an example, epidemiologists may want to measure the potential impacts of individual health policies, but it is impossible to do so when running real-world experiments. Researchers and students can examine the influences of different variables on complex systems and execute 'what-if' experiments to study the emerging behaviours of such systems while temporarily neglecting irrelevant variables. In short, simulations can be optimised for learning (Bertsche et al., 1996) .
• Observational. Users can take simulation processes and slow them down (e.g., to study traffic jams) (Burmeister et al., 1997) , speed them up (e.g., to study the propagation of diseases such as HIV that have long incubation periods) (Sumodhee et al., 2005) , or simply adjust their scales for observation purposes. Computer simulations are recognised as an efficient approach to review or prove textbook concepts. Post-simulation reports allow teachers to determine which concepts their students have mastered (Hargrave and Kenton, 2000) .
• Bridging reality and theory. Simulations allow novices to practice professional skills (e.g., aircraft piloting) and to practice or prove textbook concepts (Hargrave and Kenton, 2000) ; this protects them from having to jump into high-risk situations for learning purposes. Investment students can use simulations to practice theoretical concepts without having to invest large amounts of capital (Levy et al., 1995; Klein et al., 2004 ).
• Construction. Computer simulation tools can be used to create, explore, or construct environments. Using health policy assessments as an example, learners can practice predicting potential developments that may result from different combinations of strategies or interaction rules. When combined with instruction-based learning, teachers can exert relatively precise control over knowledge construction and accumulation (Hargrave and Kenton, 2000) .
The learning processes and goals associated with learning via computer simulations differ from those of traditional classroom and textbook-centred learning. Scenarios used for computer simulations are often ill-defined and open-ended , and problems frequently arise after a simulation starts. Novices are therefore required to use instruction-based manuals to build or run simulations and to create professional-quality reports or presentations of their results. Teacher preparation time varies depending on the amount of required background, scenario construction, and necessary instruction to help learners formulate problem statements, collect data, run simulations, and create reports. Evaluative techniques for learning results also differ from those used in traditional classroom settings and require some training on the part of instructors. On the basis of our past experience in teaching epidemic outbreak principles through simulations, we have written comprehensive teaching instructions that we will discuss in a later section.
Framework for analysing network topologies in computational modelling and simulations
Instead of using mathematical equations to generate an analytical network model, complex issue simulations rely more on imitating real-world interaction patterns (Barrett et al., 2005; Huang et al., 2004 Huang et al., , 2005b Stroud et al., 2007) . Two issues associated with building network-oriented simulation models must be considered: choosing the appropriate complex network model type and integrating professional knowledge of complex issues into the system. Several types of network-oriented simulation models can be implemented, including real contact networks that trace individual contacts (Barrett et al., 2005; Stroud et al., 2007) , bipartite networks composed of media and individual layers , regular lattices with shortcuts that reflect small-world phenomena and that are suitable for modelling opinion transmission (Newman and Watts, 1999) and regular lattices with mirror identities for simulating regular long-distance movement (Hsieh et al., , 2006 Huang et al., 2004 Huang et al., , 2005b . However, novice learners tend to feel challenged in terms of domain knowledge and complex network theorems, including the need to identify real contact interaction patterns, choosing or adopting existing network simulation models, building new models and validating simulation models. Individual characteristics and behaviours determine domain knowledge and properties embedded in complex network simulation models; here we will offer several examples. In Table 1 , we present a list of individual attributes used in epidemic disease simulation. Opinion communication and degrees of propagation acceptance and active transmission are determined via the persistence shown by individuals for holding onto their opinions. Sexual and injecting drug use behaviours lead to different types of HIV propagation networks. Finally, the use of different media (e.g., telephone, e-mail, mass media, instant messenger software) also results in differences in contact or communication network type. The three properties considered most important for simulation network construction are:
• Time scale. In the case of HIV propagation via heterosexual behaviour, frequency distributions of sexual behaviour over one month or one year will show power-law characteristics (Schneeberger et al., 2004) , but this is not true when the time scale is shortened to 1 day. It is also important to remember that different diseases have different incubation periods -five days for SARS vs. six months to 20 years for HIV.
• Geographical properties. Flu epidemics tend to be large-scale, therefore models for countries that have multiple regions require the consideration of inter-city transportation networks. Building a contagion model for any modern city with an established mass transportation system must assume a strong and varied mix of human movement, which can affect considerations of inter-regional transportation.
In previous studies, we used regular lattices with mirror identities for simulations of SARS outbreaks in Singapore, Taipei and Toronto (Huang et al., 2004 (Huang et al., , 2005b .
• Robustness and ability to expand. Owing to the diversity of data collected for complex issues, simulations of specific cases often require modifications to selected simulation networks. For example, the CASMIM model is suitable for simulating a well-mixed underlying environment with randomly distributed mirror identities, but assumptions of well-mixed distributions of locations for sexual contact or needle sharing cannot be supported. Therefore, when applying an existing simulation network to other complex issues, model robustness is a concern due to data diversity and changes in demographic structure.
We built a four-layer architecture based on geographic and demographic properties, and found that simulation network model choices are highly data-dependent. The Lv1 model in Table 2 reflects the use of real contact tracing for interaction network construction. For example, during the Asian SARS outbreak, health authorities in Taiwan and Singapore attempted to construct contact histories for all infected individuals so as to quarantine anyone who had been in contact with a carrier. The Lv2 model consists of bipartite matching networks of individuals and interacting media. In this case, saunas and bars frequented by homosexuals can be viewed as media that bridge individuals; for illegal drug users, media include syringes and chemicals used for drug dilution. To construct bipartite networks, researchers must determine how many times a user shares a syringe with others during one month or how many users share the same diluting agent in a single session.
Table 2
Network-oriented simulation model architecture
Layer Description Example
Lv1 Individual-to-individual real connection E-mail networks, research paper citations, patent citations Lv2 Individuals passively connected by content BBS reply networks, research paper co-authoring Lv3 Statistical topology features (e.g., low degrees of separation or power-law connectivity distribution) and abstract geographical properties (e.g., neighbourhood concept) CASMIM (Huang et al., 2004 (Huang et al., , 2005b , BBS, or game community Lv4 Physical geographic properties; often applied to demographic statistics South Asian flu simulation (Ferguson et al., 2005) ; Portland smallpox simulation (Barrett et al., 2005) ; EpiSimS simulation (Stroud et al., 2007) The Lv3 model reflects individual relationship networks with abstract geographical properties. In the absence of real contact information, researchers may need to build well-mixed modern societies using abstract distances. In a previous study (Huang et al., 2004 (Huang et al., , 2005b , we proposed a social mirror identities model (CASMIM) consisting of a 2-D lattice with cellular automata as a basic underlying network for retaining an abstract individual's geographical mobility (Figure 1 ). The mirror identity concept utilises simple social networks to preserve the properties of agents that interact with their neighbours within two-dimensional lattices, and reflect such activities as long-distance movement and daily visits to fixed locations. The main characteristic of models in this layer is their abstract geographical property, which allows for observations of emerging complex issues as well as for simulating geographical policies or strategies. The Lv4 model consists of individual relationship network models based on demographic data with geographical properties. Building network-oriented simulation models at this layer often requires significant support in the form of demographic data. For example, Ferguson's Southeast Asian flu simulation (Ferguson et al., 2005) uses data for population density, household size, age distribution, school and workplace size, and individual travel data. In contrast, the spread of HIV among homosexuals serves as a negative example: movement, location, and means of sexual contact are less obvious, making it more difficult to build a fourth layer simulation model (Sumodhee et al., 2005) . We will describe a similar flu simulation case in Section 4.
In conclusion, three points must be considered when selecting a network-oriented simulation model according to our proposed architecture:
• Issue diversity. The Lv1 model can be used for a patent citation network simulation because each patent belongs to only one agency (in other words, there is an absence of multiple authorities), and each citation can be placed along a specific timeline. This reflects the patent citation research emphasis on how patent holders cite each other without intervening media. For academic paper citation networks, if the focus is on how often researchers cite each other, a simulation network model can be chosen from the first layer; if the focus is on co-authorship, research papers must be treated as media in a bipartite (Lv2) model.
• Data-dependency. We mentioned earlier that data granularity or type determines the method for building a network simulation model. Using homosexual HIV transmission as an example, a situation in which data are limited to sexual contact frequency requires a Lv3 model utilising the neighbourhood concept and abstract geographical distances (Sumodhee et al., 2005) . However, if movement within a high-risk contact population can be traced, a Lv1 model can be used to create a simulation and to predict further development.
• Scale. Care must be taken in selecting a proper geographic scale. Whereas CASMIM can be applied to simulate epidemic outbreaks in modern societies, simulating multi-city transmission dynamics requires additional demographic data. One possible solution is building a separate CASMIM for each city and measuring transportation flow between paired cities.
Three computational epidemic simulation cases
In this section, we will share our experiences building epidemic simulation models for three of the four layers described earlier.
Bipartite simulation model: drug users
Introduction. According to the AIDS Prevention and Research Centre of National Yang-Ming University, Injecting Drug Users (IDUs) now constitute the largest population of HIV-infected individuals in Taiwan (Sumodhee et al., 2005) . Owing to our success in simulating the SARS outbreak of 2004, we were asked to build an HIV simulation model for IDU inmates in three jails located in central and northern Taiwan.
Data collection.
According to responses to a participant survey, each IDU shared a chemical for drug dilution an average of 2-3 times per month and shared it with 2-3 persons on each occasion. The Taiwan Centers for Disease Control (CDC) have collected data on the country's HIV-positive population between 1984 and September 2006. In terms of age group, teenagers constitute 3% of the HIV-positive population, adults 73%, and elders (defined as 60 years or older) 24%. The mortality rate for HIV in Taiwan is 13%. Less than one-quarter of all identified HIV carriers during this period eventually became AIDS patients (2,398/10,158, or 23.6%); the mortality rate for these patients was 43%. We used this data to build a two-layer bipartite network for modelling individual disease status.
Model building. Since we only had access to data on the average number of syringe-sharing events per month and average number of persons sharing either syringes or a chemical dilutant during each occasion, we treated users who shared drug paraphernalia as neighbours when creating a model based on CASMIM's mirror identity concept. As part of our one-month simulation model, we used the average number of syringe-sharing experiences per month as our mirror identity value. However, actual IDU gathering places are spread throughout the country as well as throughout individual cities. Therefore, the spread of HIV among different locations has no effect on local spreading. Note that the original CASMIM incorporates the effect of local spreading, meaning that the disease can still spread to any other location via transmission between local neighbours in the absence of mirror identities or shortcuts. Since these high-risk locations are not adjacent, it is inappropriate to use CASMIM or the mirror identity concept to simulate HIV transmission among IDUs. By collecting data regarding the distribution of the number of syringe and dilutant-sharing events plus the distribution of gathering locations, we were able to build a bipartite model without geographical properties. The bipartite relationship between high-risk locations and IDUs is shown in Figure 2 . The individual labelled 'P' visited more places than the other IDUs; location 'L' was a frequently visited gathering place. Discussion. Whereas we were able to obtain data on the distribution of shared syringe and dilutant event numbers, we could not collect data on the distribution of numbers of IDUs visiting each location. We assumed that this reflects a power-law distribution, but we had insufficient data for model validation -especially since the reported number of infected individuals may not have contained concealed cases. This example shows how difficult it is to build a simulation model without sufficient support in the form of demographic data for building local interaction rules.
Abstract geographical model: SARS
Introduction. Students used CASMIM to create simulations of the 2004 SARS outbreak in Taipei, Singapore and Toronto (Huang et al., 2004 (Huang et al., , 2005b . They were also asked to assess the efficacies of different combinations of public health policies to control the spread of SARS.
Data collection. Our epidemiological data focused on incubation period, infectious period, mortality rate, and infection rate. In terms of building an underlying simulation network, these parameters address the age distribution and number of mirror identities of individuals as well as the neighbourhood concept. Input data also addressed the ratios and numbers of normal and super-spreaders as well as the numbers, entry dates and disease statuses of imported cases.
Model building. We used CASMIM (Huang et al., 2004 (Huang et al., , 2005b to conceptualise individual daily contact networks (Figure 1 ). Since SARS is a short-distance contagious disease, we defined one time step as equivalent to one day in the real world. The model consists of two layers: the lower layer uses 2D cellular automata to represent the activity space as a social mirror identity, and the upper layer represents individuals with several heterogeneous identities in the real world. Each individual in the upper layer can be abstracted as a single agent in a multi-agent system with different social mirror identities; those identities reflect geographic locations that the agent visits on a regular basis (e.g., homes, workplaces, and transportation stations). Interactions between individuals represent infection routes.
Discussion. As a model for individuals with different social mirror identities, CASMIM has an important flaw when discussing epidemic dynamics: individuals cannot exist in all mirror identities at the same time. A possible response to this flaw is partitioning days into time segments based on the length of time spent in each identity. Accordingly, the large majority of time will be partitioned for home and workplaces for adults, and home and school for children.
Physical geographic model: flu outbreak
Introduction. Since 2006, we have been building a multi-city influenza simulation for all of Taiwan. In the absence of data on past outbreaks, we have placed greater emphasis on predicting the efficacies of public health policies and potential vaccines.
Data collection. We used inter-city transportation network data to model inter-and intra-city contact between individuals -specifically, statistics on vehicle flow between pairs of cities along the country's National Highway 1. A vehicle flow matrix was created to estimate the movement of Taiwanese along the highway. Demographic data published by the Taiwanese government were used to assign individuals to various locations. The data included the distributions of numbers of individuals per household in each county, numbers of employees in workplaces and numbers of students in classrooms. The data were combined to achieve an approximate understanding of the overall distribution of numbers of persons in each location. As shown in Figure 3 , most locations had fewer than ten; exceptions included movie theatres and classrooms, with 40 or more.
Model building. On the basis of our SARS experience, we knew that CASMIM is suitable for simulating contact problems in well-mixed but not in poorly mixed cities. We therefore assigned a separate CASMIM to each city, with model size determined by city population. Each CASMIM cell represented a real-world household, workplace, or classroom that contained several mirror identities. The number of individuals in each cell was assigned according to the distribution of numbers of persons in a location. Transportation flow statistics were used to represent inter-city movement by individuals, with each movement represented by a pair of mirror identities in different cities but belonging to the same individual. For the majority, mirror identities were allocated to the same city (Figure 4 ). Since the incubation period for influenza is only 1-3 days, the simulation time parameter was set to one day. Discussion. One weak point of this multi-city CASMIM was its lack of complex network statistical properties for a model consisting of multiple poorly mixed cities. Unlike a well-mixed modern city, one cannot simply assume that the contact network of individuals distributed among multiple cities has small-world properties. Furthermore, there is a lack of data on recent outbreaks for empirical validation. Some researchers have constructed simulations of the 1918-1919 influenza outbreak (Sattenspiel and Herring, 2003) , but we believe that the topological structure of modern cities is far different from that observed in 1918. Despite these weaknesses, we used the model to predict the efficacy of a vaccine and related prevention strategies -for instance, giving the vaccine to all residents living in high-risk areas in advance of an initial outbreak. Our simulation data indicate that vaccine supplies might run out very early, resulting in a more serious outbreak ( Figure 5 ).
Figure 5
Results from using a multi-city CASMIM to assess a prevention strategy in which all individuals thought to be susceptible to an epidemic disease are vaccinated. When the vaccine was given to all residents living in high-risk areas, supplies ran out on day 57. When given to susceptible patients only, supplies ran out on day 78
Teaching computational modelling and simulation
Owing to the properties of complex issues (occasionally non-linear, random, and ill-conditioned) and the large amount of required domain knowledge from multiple disciplines, network-oriented training simulations present challenges in terms of problem design, preparation and introduction of course material, student participation, and evaluation. Since a large amount of background knowledge is required (Hargrave and Kenton, 2000) , we suggest using
• pre-instructional roles to teach public health policy assessment and epidemic outbreak trend prediction skills
• post-instructional roles to teach simulation model building and analysis. Both are appropriate for learning-by-doing experiences.
We designed a teaching schedule consisting of six steps:
• introducing background events and complex issue knowledge
• introducing professional domain knowledge of a complex issue and computer science techniques
• preparing a pre-test for guiding students to key points of an issue
• creating step-by-step instruction-based simulations with appropriate test cases using sample data, user manuals for operating simulation models, and experiment design examples
• unrestrained operating time, which allows students to construct and develop their own experiments
• post-tests or final presentations to evaluate student understanding of an issue.
Since complex issues often have no single or absolute approach, it is difficult to evaluate how well novice learners understand the operational aspects of simulating them. One potential solution is to design constructive pre-tests and post-tests. Using public health policy simulations as an example, novice learners may be asked to compare the efficacies of different combinations of health policies before and after a simulation is performed. In addition, we have observed that novice learners exhibit wide differences in terms of controlling simulation parameters (Hsieh et al., 2006) , and therefore suggest that parameters be used as an evaluation criterion. When using the SARS scenario as a teaching example, our participants were 34 college students recruited from a private university in northern Taiwan. They were assigned to working pairs for collaboration and for discussing simulation results. The 17 participant pairs were given three assignments. For each assignment, they were given a pre-test to examine their understanding of epidemic dynamics, verbal and written information on simulation goals, tools for using simulation results to answer core questions, a user manual and three sets of sample data for running SARS simulations using CASMIM, and a post-test to determine the effects of the simulation tool on learning. Copies of the pre-test, user manual, sample data, and post-test can be found in Hsieh et al. (2006) .
All of the participants were undergraduate students in the school's computer science department; most had no background knowledge of epidemiology principles. Each pair was given a user manual and dataset for running the simulation. After the simulations were run, we evaluated epidemiological knowledge accumulation. For example, we presented students with a list of 12 parameters (half of them required for running an epidemic simulation and the other half not required) and asked them to categorise the parameters. Results from a paired-sample t-test indicate statistically significant improvement in the students' overall understanding of epidemic concepts (Table 3) . A second question for which results were statistically significant was, "Assess the efficacies of different combinations of public health policies". Significant differences were not found for the other evaluation questions. The results indicate that running a simulation can help students learn background knowledge and compare different public health policies. However, the participants had difficulty verifying parameter sensitivity. 
Conclusion
In this paper, we proposed a pre-analysis architecture of network-oriented simulation models for the benefit of teachers and novice learners, and illustrated architecture reduction and extension in terms of collected geographic and demographic data. In addition, descriptions of three sample cases were given to illustrate the process of building a network-oriented simulation model. Our experiences of teaching epidemiology concepts via network-oriented simulations have allowed us to identify three challenges for instructors: choice of a suitable simulation model, preparation for instruction-based teaching and evaluating student understanding. Unlike traditional computer systems that simulate scientific tools, special skills, or natural phenomena, network-oriented simulation models for solving complex issues require more demographic data support and greater amounts of initial domain knowledge. In other words, most complex issues require collaborations among scientists from multiple disciplines. Regarding student achievement evaluation, we acknowledge that the traditional method of pre-tests and post-tests is insufficient for computational modelling and simulation courses; however, in one situation we found that students did learn basic epidemiology concepts even though they had difficulty using a complex network model to perform high-level assessments of public health policies.
